ABSTRACT This paper proposes an accurate diagnosing tool that can predict the stator inter-turn size in line start permanent magnetic synchronous motor (LSPMSM). The proposed diagnosing approach is developed based on an experimentally validated mathematical model of the motor under inter-turn fault. The developed model has been tested using MATLAB R under different loading and fault size conditions. Since the stator currents and voltages are easily accessible, it is decided to use them as the key signatures for developing the diagnostic tool. Several time and frequency-based features have been extracted using motor current and voltage waveforms under different loading and fault size conditions. The developed tool has been designed to correlate the extracted features with its corresponding size of stator inter-turn fault. Finally, testing of the developed diagnosis tool shows a high accuracy of 96% in detecting the size. Moreover, the proposed diagnostic tool is examined against motor parameter variations. The results confirm the robustness of the proposed approach where the accuracy is slightly affected under a wide range of motor parameter variations. 
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I. INTRODUCTION
In industrial applications, especially in oil and gas plants, induction motors are being gradually replaced by line start permanent magnet synchronous motors (LSPMSMs). LSPMSMs are the motors with the highest efficiency in the market where the motor efficiency exceeds the IE4 efficiency Level [1] , [2] . Therefore, this motor can be considered as a good alternative for users who consider energy saving a priority. LSPMSM is a hybrid motor of induction and PMSM types where its stator is similar to that of an induction motor and its rotor has both squirrel cage and permanent magnets. LSPMSM operates in two modes; asynchronous mode (at starting) during which the machine runs as an induction motor, and synchronous mode (at steady state) in which the motor runs at a synchronous speed. Therefore, LSPMSM has the starting capability of the induction motor with high operational efficiency and power factor as the PMSMs. [1] , [2] .
LSPMSMs are subjected to different types of failures. Among these are; stator winding faults, rotor broken bar fault, bearing fault, and shaft defects. As the number of LSPMSMs used in different fields is increasing, the presence of maintenance scheme based on fault detection for this type of motor becomes important. Early detection of irregularity in the motor with a proper fault diagnosis scheme will help to prevent high cost failures and, hence, reduce maintenance costs and more importantly prevent unscheduled downtimes that result in loss production and financial income [3] .
Based on the literature, an extensive research works has been done in the area of electric motor faults diagnosis and monitoring. Accurate motor modeling under faults is considered the first step in the detection and recognition of motor abnormalities [4] - [6] . Because the use of LSPMSMs in industry is in its infancy, little work on modeling LSPMSMs during faults are available. In [7] , the performance of an LSPMSM with static eccentricity, dynamic eccentricity, and mixed eccentricity was investigated using finite element models (FEMs). ANSYS Maxwell R was used to develop transient models of the motor. In [8] , a mathematical model of an LSPMSM with asymmetrical stator winding was developed. The model was developed based on the principles of coupled magnetic circuit theory, electromechanical energy conversion, and reference frame theory. In [9] , a mathematical model of an LSPMSM experiencing demagnetization was developed using dq-axis, and the developed model was used to investigate the machine during demagnetization.
Several signals can be used to indicate fault occurrence. Among these indicators are the magnetic flux, vibration, stator current (a negative and zero sequence or a third harmonic component), zero-sequence component of the voltage, thermal image, instantaneous real and reactive power, phase shift between the stator current and supply voltage, and acoustic noise [10] - [17] . The motor current shows promise for fault detection because it is already available from motor control services without the need for extra design or additional hardware. The current signal inherently contains valuable information regarding the machine performance and operating conditions [18] .
Preventive maintenance is always more desirable than corrective maintenance. A substantial number of research efforts worldwide have been devoted to develop incipient fault diagnostic techniques. A neural network is a tool that plays an important role in developing online and offline diagnostic tools for motors, generators, transmission lines, cables, and transformers [19] - [23] .
In [22] , a feed-forward neural network-based tool for detecting inter-turn faults in permanent magnet synchronous motors was proposed. The inputs to the proposed neural network were the first, third and fifth frequency components of the motor's current, and the neural network had 13 binary outputs, each of which represented an inter-turn fault size level. Training and testing data were collected under different loading conditions and combinations of speed and inter-turn size. The results demonstrated the success of the artificial neural network (ANN) at fault diagnosis. It is worth mentioning that the authors in [22] have tested the developed neural network with fault sizes up to 25%. Where 25% size is considered high and could affected the performance of the permanent magnets of the motor and the tool performance. In [24] , a neural network-based diagnostic tool for detecting the location of an inter-turn fault in an induction motor was developed. The discrete wavelet transform was used for extracting representative features of the fault. The developed tool effectively detected the fault and it is location under different loading conditions, while the size of the fault can't be detected using it. In [25] a method for estimating the level of inter turn fault in PMSM is proposed. Instead of evaluating the fault severity by the number of shorted turns, the proposed method directly estimates the short circuit current by monitoring the generated voltage due to it. The proposed method achieves higher performance when the short circuit current is much higher than the rated current. But, at low short current, the proposed method may not be able to estimate the short circuit current due to the system noise and mismatch of electrical parameters. In [26] A method for detection of stator winding fault of induction is proposed, based on instantaneous frequency and empirical mode decomposition of stator current. The outcomes confirm that the proposed method has some advantages in comparison with the other methods from implementation cost, accuracy, and speed aspects. In [27] , a tool for detecting the size of inter-turn faults in permanent magnet synchronous motors was developed. The developed tool was neural network-based and used the magnitude of the third harmonic component of the current as an input. Its output was the inter-turn fault size. The testing result shows high accuracy of the tool. However, the developed tool lacks the capability of detecting fault location. In [28] , a neural network-based tool for detecting the inter-turn fault level in an induction motor was proposed. The tool used the sum of the absolute values of the differences in the peak values of phase currents from each half cycle as the input and the fault level as the output. In this tool of fault detection, since only one input is used, neural network became simpler and so training time is less. But it lacks the ability of detecting the location of fault.
The use of LSPMSMs in industry is in its infant stage. To the best of authors' knowledge, no diagnostic tools that can predict the size of stator winding shorted turns in LSPMSMs has been developed in the literature. To bridge this gap in research, an accurate diagnostic tool is proposed in this work. An experimentally validated model is used in developing the tool. The stator currents during steady state have been used for extracting a set of statistical and frequency-based features. These features are used in the design of a neural networkbased diagnostic tool. The results show that the developed diagnostic tool is capable of detecting the number of shorted turns in LSPMSM.
II. MATHEMATICAL MODEL OF LSPMSM
An experimentally validated mathematical model of the motor under inter-turn fault has been used in the developing of the tool. Figure 1 shows the stator of LSPMSM with interturn fault in phase-a where i f is the fault current and R f is the fault resistance. The derivation details of the developed model and its parameters are available in [5] and [29] respectively. The stator and rotor voltage equations of the in qd0 reference frame are given as follows [5] . 
The voltage equation for the shorted turns is given as:
The flux-current relations of the stator and rotor can be expressed as [5] :
The flux-current relation equation for the shorted turns is given as [5] :
The final electromagnetic torque formula in the qd0 frame is given as [5] :
Equations (1-5) represent the final model of the motor, which is implemented and simulated using MATLAB. 
FIGURE 2. Experimental setup.
To confirm the developed mathematical model under the inter-turn short circuit fault, both experimental and simulation tests on a 1-hp interior-mount LSPMSM were conducted. The parameters of the used motor are listed in table 1. These parameters were measured via several experimental tests conducted in an electrical machine laboratory on a 1-hp interior-mount LSPMSM [26] . To perform the experimental tests, the experimental setup shown in figure 2 was built. The setup consists of a CASSY system (software, sensor, Profi-CASSY), an isolation amplifier, a magnetic powder brake for motor loading and speed sensor. During the experimental tests, an external adjustable resistor was used to limit the fault current in the shorted turns of the motor stator windings to avoid damaging the motor winding.
III. FEATURES EXTRACTION
Extracting the fault representative features is a major step in the design of any fault diagnostic tool. In this section, timebased and frequency-based features were extracted from the stator steady state current response for stator winding interturn fault. The extracted features are investigated to select the most distinct features of the faults. The following subsections show the feature extraction process.
Comprehensive simulations of the motor performance under stator inter-turn fault has been done to select the most distinct and representative features. The fault cases of 0, 9, 26 and 40 shorted turns at phase-a are studied. In addition, experimental investigation for the same number of shorted turns has been done. Figure 3 shows the experimental and simulation steady state stator current of phase-a (faulted phase) under no load condition. It can be observed that both experimental and simulation results are in good agreements. Also, it can be noted that the current response of the faulted phase and its amplitude are affected with the size of inter-turn fault during steady state.
It is worth mentioning that the steady state current signals have been used for features extraction due to several reasons. The first, the experimental results shows that the current of the faulted phase is highly affected compared with the healthy phases currents during steady state under inter-turn fault, figure 4 shows the experimental three phase current under no load for 26 shorted turns in phase-a occurring at 0.45 sec. It is clear from the Figure that, during fault, phase-a current is largely affected while other phases are slightly changed. The second, the effect of inter-turn fault on the current magnitude and current signal during steady state are distinct and follow a certain pattern while the effect during transient is random and varies with the starting position of the rotor and with the sequence of the phases, figure 5 . The third, the agreement between the experimental and simulation results are very high during steady state compared with transient. Finally, using the current during steady state will help to upgrade the diagnostic tool to be used in online monitoring (without interrupting the operation of the motor).
A. FEATURES ANALYSIS
Using the stator currents and supply voltages for the cases considered, several features have been extracted and compared in order to determine their effectiveness in detecting the stator inter-turn fault. Among these features; four time-based (Variance, Kurtosis, Maximum and RMS value) are extracted from the current of the faulted phase during steady state. In addition, two frequency-based features (the fundamental current magnitude and the fundamental power factor angle) are also extracted from the frequency response of the voltage and current of the faulted phase. Moreover, the power factor of the faulted phase and the stator current symmetrical components (positive, negative and zero) have also been extracted.
A mathematical description of the extracted time and frequency-based features are listed below: • Mean:
• Variance:
• Kurtosis:
• Maximum:
• RMS:
88626 VOLUME 7, 2019 • Fundamental current magnitude:
• Fundamental power factor angle:
• Power factor of the faulted phase:
• Positive sequence current magnitude:
• Negative sequence current magnitude: • Zero sequence current magnitude:
where I is the time domain signal, N is the number of sample data points of signal and σ is the standard deviation which calculated as follows:
whereĪ a ,Ī b andĪ c are the phase-a,-b and -c phasor currents, respectively.Ī a0 ,Ī a+ andĪ a− are the zero, positive and negative current symmetrical components, respectively. θV a1 and θ¯I a1 are the angle of phase-a fundamental voltage and fundamental current, respectively. θV a and θ¯I a are the angle of phase-a voltage and current, respectively. Figure 6 shows that the time based-extracted features (variance, kurtosis, maximum and RMS) increases as the number of shorted turns increases. The fundamental current magnitude, the fundamental power factor angle as well as the power factor of the faulted phase are shown in figure 7 , which confirms that both the fundamental current component and the power factor increase as the number of shorted turns increases, while the fundamental power factor angle decreases as the shorted turns number increases. In addition, it is clear from figures 6 and 7 that both experimental and simulation based extracted features are in a good agreement. Figure 8 shows the symmetrical components of the stator 
B. FEATURES UNDER VARIABLE LOADING LEVELS
To study the effect of load variation on the extracted features with fixed fault resistor, the developed mathematical model was simulated for 14 cases of shorted turns conditions (0, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60 , and 65 shorted turns) and 9 loading conditions (0, 0.5, 1, 1.5, 2, 2.5, 3, 3.5, and 4 Nm load torque). Hence, the model was used to simulate 126 shorted turns/load combinations at the same fault resistor of 1 . Figures 9, 10 and 11 show the extracted features for the 126 simulated cases. Figure 9 reveals that the features such as variance, kurtosis, Maximum and RMS are load dependent and their values increase as the number of shorted turns increases. Also, it is clear that the variance, maximum and RMS features follow almost the same curve pattern for different loading conditions, but the feature curves are shifted up when the load is increased. However, for the Kurtosis, the curves are shifted down as the load increases as shown in Figure 9 (b). On the other hand, Figure 10 shows the fundamental current magnitude, the fundamental power factor angle and the power factor for the faulted phase at different loading conditions. It is evident from Figure 10 (a) that the fundamental current magnitude increases with the increase in the number of shorted turns for a particular loading condition. Figure 10 (b) shows that the fundamental power factor angle decreases as the number of shorted turns increases at no load and 25% loading, while at a load of 50%, 75% and full load the feature value is slightly changed as the number of shorted turns is increases. Figure 10(c) shows that the power factors are load dependent where their values increase as the number of shorted turns increases for loads less than 50%, while the power factor is almost constant regardless of the number of shorted turns for the other loading conditions (75% and 100% loading). The magnitudes of symmetrical components of the stator current are shown in figure 11 .
It is clear from figure 11 (a) that the positive sequence component feature is load dependent, while Figure 11 (b) and (c) confirms that the negative and zero sequence components are almost load independent. Therefore, the symmetrical current components could be good indicators for inter-turn fault under variable loading conditions. 
Therefore, it can be concluded that the above analyzed features are distinct and follow a certain pattern that makes them very useful in designing the proposed diagnostic tool. Moreover, the variation of the variance, maximum, RMS, fundamental current magnitude and positive sequence component values with respect to the number of shorted turns is approximately the same at different loading conditions.
C. FEATURES UNDER VARIABLE FAULT RESISTANCE
To investigate the effect of inter-turn fault on the stator current signatures under different values of fault resistance, the developed mathematical model was simulated at the case of 26-shorted turns in phase-a for four values of fault resistance (0.4 , 0.8 , 1 , and 1.2 ). The simulation results are validated experimentally. The results for the current are shown in figure 12 . The close agreement of simulation and experimental results is clearly shown.
The effect of inter turn fault on the patterns of the extracted features at fixed loading condition is studied for 14 cases of VOLUME 7, 2019 Moreover, the features are distinct and follow certain patterns that make them very useful in designing the proposed diagnostic tool. In addition, the effectiveness of the features increases as the fault resistance decreases. The same pattern of distinct features has been observed under different loading conditions while changing the fault resistance.
It is clear from the figures 13-15 that under inter-turn fault size less than 5 shorted turns the values for all features are not distinct (almost constant and of same values) for all fault resistors, this make it difficult for the tool to detect the fault (small size). But with inter-turn fault with 6 shorted turns and more the features under zero fault resistance are the most distinct compare with other fault resistors, which make it easy for the tool to detect the fault under zero fault resistor with size more than 6 turns.
IV. THE PROPOSED DIAGNOSTIC TOOL DESIGN
The most commonly used neural network for classification purposes is the multi-layer feed-forward neural network (MFNN) [21] . The feed forward NN has the ability to learn various types of complex linear and nonlinear functions. Therefore, it can be utilized to learn different types of motor faults to accurately predict the size of the fault. This type of detection is considered to be inexpensive and noninvasive. This section describes the design of NN used as a tool for detecting the inter-turn fault in stator winding of LSPMSMs. The neural network has one output which represents the number of shorted turns. The neural network has 10 inputs including; Variance, Kurtosis, Maximum, RMS, fundamental current magnitude, fundamental power factor angle and power factor of the faulted phase as well as the stator current symmetrical components (positive, negative and zero).
Different structures of neural networks with different number of hidden layers and hidden neurons have been used to form suboptimal feed forward neural networks that correlate the extracted features with its corresponding number of shorted turns. The simplest with the highest efficiency was the one with two hidden layers with 11 and 7 neurons, respectively. Figure 16 shows the topology of the designed neural network. The ANN consists of two hidden layers with 11 and 7 neurons, respectively. The activation function of all the neurons is 'tansig.'. The neural network was trained using Levenberg-Marquardt backpropagation algorithm. and 1.2 ) have been considered. The training process of neural network done in 40 sec and the performance function used during the training was the mean square error (MSE). It is worth mentioning that the stator current signals during steady state has been used as a fault indicator where the distinct fault features are extracted from the current signal. The authors found that 3 cycle of the current signal (50ms for 60 Hz frequency) is enough for extracting the correct representative feature. Figures 17 and 18 shows the training phase regression and performance, respectively.
It is worth mentioning that the number of shorted turns and loading values during testing are different from those for the training process. Table 2 shows a sample of the 100 testing cases considered. The criterion of assuming a true (T) detection of abnormality is set as follows. The detection is true if the difference between the predicted and the actual number of turns is less or equal 2 turns. Otherwise, it is false (F). Based on this criterion, and for abnormalities that have never been seen by the trained neural network, the proposed diagnostic tool is found to have an accuracy of 96% in detecting the stator inter turn fault, where only 4 cases out of 100 are identified to be wrongly detected. This reveals high accuracy of the developed diagnostic tool.
V. ROBUSTNESS OF THE DEVELOPED DIAGNOSTIC TOOL
The robustness of the proposed diagnostic tool against motor parameter variations (permanent magnet linkage flux, motor inertia, stator resistance, and supply voltage) has been tested.
In this section, the tool has been examined under five cases as follows.
1-The supply voltage was varied within ±3%. 2-The motor inertia was varied within +3%. 3-The stator resistance was varied within +3%. 4-The flux linkage of the permanent magnet was varied within −3%. 5-Both supply voltages and motor inertia were varied by ±3% and +3%. Tables 3 to 7 show samples of the testing results (15 pattern of 100 testing patterns considered) for each of the five cases. It has been found that the abnormality detection accuracy is slightly affected confirming the robustness of the proposed diagnostic tool.
VI. CONCLUSION
An accurate neural network-based diagnostic tool for detecting the size of stator inter-turn fault under different loading condition has been developed in this work. The stator currents and voltages are used as fault indicators. Several time-based and frequency-based features were extracted. A comprehensive study shows the potential of these features to be distinct and reliable to develop the proposed neural network-based diagnostic tool. The accuracy of the developed tool was confirmed by testing 100 unseen cases. The overall accuracy of detecting the stator inter-turn fault is 96%. Finally, the robustness of the proposed diagnostic tool against motor parameter variations has been investigated and confirmed.
